In this article, a new method for estimating the volume of selected fruits and vegetables, using information obtained from three orthogonal images of the object is proposed. The method was based on a novel lower bound on this volume, combined with an application of a well-known upper bound. The lower bound was obtained by calculating the volume of an artificial object created from the intersection of the three object silhouettes. The method was applied to a significant range of food products and simple geometric objects, and it was found that the method estimated volume with approximately 11.9% error, generally, and 2%, for rounded objects, specifically.
Introduction
One of the most immediate and revealing properties of any olericultural, viticultural, and pomological product is volume. The volume of food products gives an indication of produce quality, growth behaviour, economic value, and physiological defects. [1] When combined with weight, one can estimate average density, which provides important information on water content, biomass, [2, 3] consistency, and flavour. [4] The density of fruit can be used to detect the presence of hidden effects such as frost damage. [5, 6] On the other hand, if the density of the product is assumed to be approximately constant, then an estimation of product volume also enables to determine product weight, which is also a valuable phenotypic trait. [7, 8] In a commercial context, where high-throughput food production and, hence, quality control are paramount to ensure a streamlined distribution pipeline, a rapid, accurate, and non-destructive means of determining food product volume is important. [9] High-resolution imaging is becoming an important scientific tool in plant biology generally as it can be used to quantify plant phenotype, [10] [11] [12] and plant response to environmental stresses [13] in terms of changes in development, growth rate, and crop yield. The natural question to ask is whether, in the horticultural context, one can also obtain accurate estimates of volume with images. This is the focus of this article. The approach proposed in this article can be also used in medical imaging, where detecting and tracking the volumetric growth of tumours in an organ over time is critical for the identification of abnormalities and, consequently, for accurate diagnoses. [14, 15] The volume of an object can be accurately estimated given its 3D shape, reconstructed using multiple images from different viewpoints. From a computer vision perspective, several techniques have been proposed for reconstructing 3D shapes of objects from multiple images. Examples include multiview stereo, [16] shape from shading, structured light, and shape from silhouettes, also known as the visual hull. [17] Accurate 3D reconstruction using these methods, however, requires many images, typically more than 10 taken from different perspectives, and efficient and accurate camera calibration. This reduces the flexibility of these methods and their usability by non-experts. It also makes them impractical for high-throughput volume and biomass estimation. In fact, existing highthroughput phenotyping facilities generally only acquire two or three orthogonal views of each object, which makes accurate 3D reconstruction challenging. Many techniques estimate 3D volume by incorporating prior knowledge about the object to utilize some relationship between the volume and the 2D properties measured. [1, 4, 6, 15, [18] [19] [20] [21] [22] While these methods provide quick and easy ways of obtaining volume estimates, they are limited in the range of objects that can be analysed and do not facilitate automated analysis of different types of objects. A completely different approach was proposed in [23, 24] , where the statistics of different geometric properties of the 2D projections is used to classify each object. While this technique is appealing since all information is obtained from the 2D projections, it requires a large number of images. The closest method to the one proposed in this article was introduced by Wulfsohn et al. [25] Their method creates a support function using sampled points from a 2D projection of an axially convex object. Using a number of projections from different angles and the Cavalieri principle, [26] the authors obtain accurate estimates for the true volumes of potatoes, parsnips, and bananas. Similar to [27] , the accuracy depends on the number of views used in the estimation. In this article, a new method for volume estimation is proposed. The technique estimates the volume directly from only three orthogonal images without explicit 3D reconstruction of the object's shape. The proposed approach makes no assumption about the shape of the object, except that it is convex, axially symmetric, and axially aligned. From these images, estimates of both upper and lower bounds of the true volume are obtained. The results presented here show that the average of the estimated upper and lower bounds provides a very accurate estimate of the true volume. The method is compared with other methods, such as the visual hull [17] as an upper bound, the lower bound estimates provided by the convex hull, [27, 28] and the volume estimation of Wulfsohn et al. [25] Materials and methods
Materials
The approach proposed here was applied to eight different fruits and vegetables (carrot, potato, tomato, orange, capsicum, lime, apple, and pear), and to eight artificial objects with known volume (sphere, cube, ellipsoid, bipyramid, cylinder, bicone, rectangular prism, and triangular prism), in order to further validate the approache's accuracy. Images of the fruits and vegetables were captured using a three-image acquisition system. Each object was carefully positioned so as to adhere to the assumption of axial alignment. The cameras used were PointGrey and Flea2 RGB colour cameras with 8 mm lenses. They were placed at approximately equal distances from the scene centre and orthogonal to each other. A uniform background was set behind the object in order to facilitate the foreground-background subtraction process.
Methods
The main assumptions are required that the objects under consideration are convex, that the principal axes of these convex objects are aligned with the projection axes during acquisition, and that the objects are approximately symmetric about the z-axis. Wulfsohn et al. [25] noted that many sorting machines capable of aligning objects axially are nowadays commercially available. Furthermore, many common fruits and vegetables are approximately axially symmetric. Figure 1 shows an example of an object (a square pyramid) that would not be suitable for volume estimation using the proposed approach. Here, the square pyramid's apex is tilted away from the objects centre. Hence, the object is not symmetric about the z-axis and would produce a misleading 2D projection in the x À y plane, resulting in a construction that overestimates the object's true volume.
Let Ω be a three-dimensional convex body. Denote its projections onto the three orthogonal coordinate planes, z ¼ 0; y ¼ 0; and x ¼ 0, by Γ xy ; Γ xz ; and Γ yz , respectively, as shown in Fig. 2 . Let @Γ xy ; @Γ xz ; and @Γ xz , respectively, denote the boundaries of these regions. To estimate the volume, V, of the object, from the shape and size of its projections, the areas, A xy , A xz ; and A yz , of the projections are used. The aim is to establish an upper bound, V > , and a lower bound, V < , on the true volume of the object Ω j j,using only three 2D projections of Ω, such that:
and
is as close as possible to the true volume of V. The complete process for determining the volume estimate, V; is displayed in Fig. 3 . All image processing steps and volume calculations were undertaken in Matlab 2012a. First, the objects are imaged so as to capture the three orthogonal coordinate projections, the imaging setup is shown in Fig. 4 . Next, the images are segmented using colour thresholding, so that all object pixels are classified as foreground and all other pixels are classified as background. The boundaries of the foreground objects are then obtained using the Moore-Neighbor tracing algorithm. Finally, the segmented objects and their boundary points were used to calculate the upper and lower bounds on the object's true volume.
An upper bound on volume Loomis and Whitney [29] considered upper bound estimates of the volume of a convex body using only the areas of its orthogonal projections. Their analysis was very general, and they considered an The imaging setup used to obtain the three orthogonal views of the object, in this case an apple. The camera is rotated around the turntable to capture the x-z and y-z projections. The tripod is placed on the turntable to capture the x-y projection, and then removed for horizontal image capture.
Here, their result, valid specifically for the 3D case, is utilized, which is
where A 1 ; A 2 ; A 3 are the areas of the three projections. This method assumes nothing about the object in question except for convexity and only requires computation of the areas of the 2D orthogonal projections, hence making it simple to use and also suitable for the high-throughput scenario. The challenge now lies in finding an easily computable lower bound on the volume that effectively negates the error of this upper bound when the two are averaged together, resulting in an accurate estimation of the object's true volume.
A lower bound on volume
The novel approach proposed in this article is based on finding the volume of a new object, Ω 0 , created from the three orthogonal projections of an object, Ω, but whose volume is less than that of Ω. This object is found by aligning the projections so that the centre of mass of the x À y projection is at the origin of the 3D coordinate frame and the widest sections of the x À z and y À z projections are centred vertically at z ¼ 0 and horizontally at x ¼ 0 and y ¼ 0, respectively. This alignment is demonstrated in Fig. 5 , for the cases of an orange and a carrot. Note that in some cases, for instance, that of a regular pyramid, the object will reside only on or above the z ¼ 0 plane. Finally, the boundaries of these translated projections are connected with a surface distribution of straight lines.
Connecting the boundaries of these translated projections with a surface distribution of straight lines, analogous to stretching a thin film over a wire frame, produces a closed 3D, but not necessarily convex body, whose volume will be less than that of Ω. Figure 6 shows how the straight lines are connected and how the quantitative construction is used to estimate the volume of the new object would proceed.
A point on one boundary, say @Γ xy , is connected by straight lines to two unique points on one orthogonal boundary (@Γ xz or @Γ yz ). As points on @Γ xy trace that boundary from the coordinate plane, say, x ¼ 0, the point's unique connecting points on the closest orthogonal boundary, here @Γ yz , trace the latter boundary until the apex of @Γ yz at 0; 0; z Ã ð Þ is reached, identifying a unique "break" point on @Γ xy , Kalaiyarasi:R From then on, points on @Γ xy possess two straight line connections that trace the boundary @Γ xy from the apex 0; 0; z Ã ð Þ to the extreme point on the x-axis, x Ã ; 0; 0 ð Þ. When deciding upon an appropriate break point, one faces the task on choosing a trade-off between accuracy and efficiency. Optimization algorithms can be used to find the optimal break point but greatly decrease the speed of the algorithm. On the other hand, simply choosing the centre point of @Γ xy as the break point is much faster and results in no great loss of accuracy. This construction suggests that diamond-shaped objects such as bicones and bipyramids are very well represented by the new object, and thus, their volumes will be accurately estimated (please note later that the diamond symbols in Figs. 9 and 10 were purposely chosen to reflect this feature).
For illustrative purposes, the description of volume calculations is limited to that section of Ω that lies in the positive octant, that is, for points x ! 0; y ! 0, and z ! 0. The volume calculations for the other seven octants follow immediately, and the volume of Ω 0 is then the sum of all eight octant contributions. First, the part of @Γ xy that lies between the break point and the plane x ¼ 0 is discretized into n segments. Similarly, the interval on the y-axis from 0 to y Ã is discretized with a n-mesh and a series of wedges of base length L, height H, and perpendicular width d y are constructed. The base of a given wedge extends from a given discrete point ðx i ; y i ; 0Þ on on the x-axis and @Γ xz , respectively. Thus, a series of wedges of width d x are formed. Figure 6 shows two wedges, one on either side of the break point and the relationship between the quantities. The volumes of each wedge of the two discrete sets are calculated and summed to give the total volume of this octant's contribution to Ω 0 . Summing over all wedges on one side of the break point provides an approximation to the volume of that section of the octant, using the formula for the volume of parallel-sided triangular prisms. Namely,
A
< . This expression estimates volume while requiring only information from the object's projections. Note also that this construction uses volumetric slices of the 3D body and hence is analogous to an integral over the entire body. It may be possible that using this formulation, a simple closed form expression for the volume, relying only on area (much like the Loomis-Whitney bound), can be found. This gratuity is something not found in many methods used for volume estimation such as the visual and convex hulls.
Volume estimation
The two previous sections focused on expressions for lower and upper bounds of an object's true volume, each based only on the object's orthogonal projections. Although one hopes that either one (or both) would give a sufficiently accurate estimate of the volume, they are, by definition, less reliable in terms of providing exact measures of volume. On the other hand, an average of the upper and lower bounds can give an even better approximation to an object's true volume than could either bound itself. Consequently, one of the principal findings of this work was to utilize the average of the lower and upper bound:
for just this purpose. This method was validated using numerical examples and applied to real fruit and vegetables in the Results and Discussion section.
Other approaches
In this section, some alternate approaches for estimating upper and lower bounds of volumes are reviewed. In the Results and Discussion section, they will be compared to the approach proposed in this article as well as to the upper bound from Loomis and Whitney.
A lower bound from Makeev [28] . Makeev proposed an approach where a lower bound on the total volume can be estimated from each of the three projections individually, with the maximum estimate over the three projections being chosen as the most accurate lower bound. In this approach, the largest line parallel to the z-axis contained in the projection of the convex body is used to construct a cone with apex and base at either end of the line. The authors show that the volume of this cone is less than or equal to the volume of the convex body.
The visual hull [17] . Three-dimensional shape from silhouettes is a popular technique for 3D reconstruction. The method relies on the availability of multiple images acquired from different viewpoints. From each captured image, the object of interest, hereafter referred to as the foreground, is segmented from the background, thus creating a silhouette. Each silhouette is prescribed a virtual 3D cone whose apex is at the camera centre and whose sides pass through the silhouette point boundary. The visual hull of the object is defined to be the intersection of all such 3D cones based on the silhouettes obtained from the different camera viewpoints. Geometrically, the visual hull is the closest shape to the real object that can be reconstructed from the silhouettes.
The convex hull. Given a set of n points in three-dimensional space, the convex hull of the set is defined as the smallest convex polyhedron that contains all n points. If the object in question is assumed to be convex, then the convex hull takes the form of the smallest object possible given the point set. While the visual hull gives the closest possible upper bound on the volume of the object, the convex hull gives the closest possible lower bound on the volume of a convex object.
An estimate from Wulfsohn et al. [24] . Here, the authors use planar cuts of a number of 2D projections of the object, and the Cavalieri principle, [26] in order to gain an estimate on the volume of axially convex objects. Like the visual hull, this approach becomes more accurate with a larger number of sample images. The approach does not guarantee a lower or upper bound on the object but rather an estimate of its exact volume.
Validation
For the fruit and vegetable items shown in Fig. 7a , a pycnometer [3] was used to measure volume after imaging. The device, shown in Fig. 7b , has a removable, sealable base and a long, narrow top. An object is weighed (O) and then placed inside the device via the base and sealed. The device is then filled with water from the top. The long, narrow top prevents the object from floating above the water line.
The volume is given by:
where ρ is the density of water; W, O; and B are, respectively, the weight of the pycnometer containing Water only, the weight of the Object, and the weight of the pycnometer containing Both the object and water. The combination W þ O À B gives the mass of displaced water. All objects were weighed on a digital scale accurate to ±1 gm. An estimate of the error associated with a pycnometer volume measurement was obtained for the case of a simple geometric object, a sphere. The pycnometer volume was compared to the sphere's geometric volume, V ¼ 1 6 πd 3 . The sphere's diameter, d, was measured using a set of digital vernier calipers, accurate to ±0.01 mm. The geometric volume was found to be 514.22 cm 3 . Using the pycnometer, the volume was found to be 514 cm 3 , providing us with a percentage error of approximately 0.04%. For the case of geometric objects, the true volume values were calculated from geometric formulae using random values (in mm) for the essential parameters such as sphere radius and pyramid height. The advantages of these cases were that they were readily applicable to the upper and lower bound estimates.
Results and discussion
In this section, the volume formulae given in Eqs. (2)- (4) are compared with exact results for one of each type of fruit, vegetable, and simple geometric object. These will represent target items for application of the proposed method. To evaluate the performance of the proposed method, the results are compared with the previously described approaches: the visual hull, the Makeev lower bound, the convex hull, and the method of Wulfsohn et al. (2004) .
To convert silhouette information from image coordinates in pixels to real-world coordinates in units of length (mm's), one of the three cameras was chosen as reference, (e.g., the camera providing the x À z projection). The camera's distance to the scene center is then measured to an acceptable accuracy. As all cameras image the same object, the y À z and x À y, images are re-scaled to correspond to the x À z image. This simulates the configuration where all cameras are placed at equal distances from the object centre without relying on accurate calibration. Finally, using the focal length and camera centre of the first camera (x À z plane), all three silhouettes are converted from pixels to units of length. Table 1 summarizes the true and estimated volume data for all objects. Of this dataset, the individual upper and lower estimates are represented graphically in Fig. 8 , plotted against true volume. Perfect correspondence is represented by the 45 line. This figure and the ideal 45 line highlight two features. First, the concepts of upper and lower bounds are appropriately represented, being above and below the 45 line, respectively. Second, the figure highlights the relative performance of the two sets of upper and lower bounds. The lower bound, V < , being closer to the ideal line, performs generally better than Makeev's approach, Eq. (7). The few instances where both perform well reflect the nature of the shape being modelled. This was fully anticipated given the relationship between the shapes and the way that the bounds were derived. The upper bounds also performed surprisingly well, with the Loomis-Whitney model performing worse than the visual hull, which is known to give good upper estimates of volume, but also recognized to be labour intensive and time-consuming.
The results, shown in Fig. 9 , represent the principal findings of this article. The average, V UL , provides an accurate estimate of volume over a wide range of sizes and shapes. This fact is demonstrated by the circle symbols, which lie along the ideal 45 line. In those few instances where V UL performed less well, either the upper bound, V > , or the lower bound, V < , individually, gave an accurate estimate of the true volume. The filled symbols represent those estimates (diamonds for the lower bound and squares for the upper bound). In these instances, the values of V UL are not shown. Table 1 , ordered according to increasing true volume. Curves lying under the 45°line are lower bound estimates with the curve marked with triangles representing our approach and the curve marked with addition symbols the convex hull; curves lying above this line are upper bound estimates with the curve marked with circles representing the Loomis Whitney upper bound and the curve marked with squares representing the visual hull. Clearly, there are cases where the average V UL performs very well, while both lower or upper bound estimates individually perform poorly. There are also cases where one or other of the upper or lower bounds individually performs very well, and V UL performs poorly. To elicit a rationale for these trends, which might guide the creation of an automatic way of choosing which mode to apply for the best possible result, the different cases can be distinguished from one another. Close inspection of the objects tested for which V UL performs well reveals that most are round objects, such as apples and oranges. On the other hand, there are clear cases where V > performs well, such as the cube, cylinder, and rectangular prism. Then, there are cases where V < performs best, such as the carrot, bi-pyramid, the bi-cone, and triangular prism. The second point to note is that these cases are mutually exclusive: There is no instance when any two bounds perform well. Clearly, the object's overall geometry is an important factor. Consequently, we have categorized objects according to their mean solid angle curvature. Let κ 1 and κ 2 be the local principal curvatures, then the mean solid angle curvatures, κ 1Ω and κ 2Ω , of an object Ω are defined to be:
In Eq.(6), the summation is over N disjoint volumetric regions Ω i & Ω, partitioned by surface contours along which the local curvatures are undefined. The differential of the solid angle is dω, where θ and ϕ are the polar and azimuthal spherical polar angles, respectively. Using Eq (6), three classes of objects can be defined; those of high mean solid angle curvature, when neither κ 1 Ω nor κ 2 Ω is zero; those of low mean solid angle curvature, when one of κ 1 Ω or κ 2 Ω is zero; and those that are piece-wise flat, when κ 1 Ω ¼ κ 2 Ω ¼ 0. For convenience, this latter case is included in the low mean solid angle curvature category. Thus, only two classes need be considered. Examples of objects with high mean solid angle curvature are spherical and ellipsoidal objects, and this includes many common fruits and vegetables such as apples, oranges, and potatoes. Objects with low mean solid angle curvature include cubes and rectangular prisms. While the mean solid angle curvature measure proposed here is not a unique identifier of objects, (e.g., consider the mean solid angle curvatures of a cone with a spherical cap) it is useful for quantitatively discerning between spherical and ellipsoidal objects, and all other objects. Figure 9 . A comparison between true and estimated volumes for the objects listed in Table 1 . Open circles represent the V UL estimates; filled diamonds are V < ; filled squares are V > . Figure 10 presents the same results as shown in Fig. 9 but separated into the classes of high and low mean solid angle curvature objects. Generally, for high curvature objects, the average, V UL , performs very well, with an average error of only 1.92%. For low curvature objects, the subclassification of bi-prismoidal and cubical is necessary to account for the mutually exclusive performances of V < and V > . By design, the lower bound V < naturally does better for objects that are bi-prismoidal, while the Loomis-Whitney upper bound, V > gives a more accurate account of cubical objects. These three mutually exclusive trends can be used to select the appropriate estimate to apply in any given case. As can be seen in Table 2 , when the bi-prismoidal and cubical objects are removed from the error calculations, the average error over all objects drops from 11.86% to 1.92%.
As expected, the convex hull provides a lower bound that is too accurate to be used in conjunction with the desirable Loomis-Whitney upper bound. On average, the Loomis-Whitney upper bound produces 139% of the true volume; hence, the convex hull which gives on average approximately 83.35% of the volume is less suitable than the novel lower bound proposed in this article, which gives 68.71% of the true volume.
Timing
All computations were run on a desktop PC Intel Core2 Duo CPU with 2.53 GHz processor speed. The novel method proposed in this paper has a processing time of approximately 0.3 s for geometric shapes and approximately 0.4 s for actual fruit/vegetable shapes. The convex hull required, on average, 0.18 s, while the visual hull took longer than 2 s in all cases, in addition to the tedious and time consuming camera calibration step.
Conclusion
In this article, a means of estimating volumes of convex objects based only on information derived from three orthogonal images is proposed. The method is based on determining upper and lower bounds of the object volume, expressed in terms of the areas of the object's three silhouettes. An extensive comparison between physically measured volumes and volume estimates obtained with the average, V UL ¼ V < þ V > ð Þ =2, is performed and results show that over a significant range of volumes and shapes, V UL estimates object volumes with only 11.9% error and approximately 2% error when the scope of objects studied is limited to spherical and ellipsoidal shapes. Hence, the method's performance can be categorized in terms of object curvature. For objects that have a very low value for at least one of their principal curvatures (e.g., a cylindrical shaped object), the Loomis-Whitney upper bound does very well on its own. On the other hand, volumes of objects that are bi-prismoidal in shape are more reasonably estimated by V < . For objects whose two principal curvatures are comparable, V UL gives a good estimate of true volume. In the latter case, the upper and lower bound estimates compensate for each other's deficiencies. The main finding of this work is that a fast, accurate, and simple means of estimating volume, particularly for high curvature objects such as oranges and apples, is available in V UL , which requires only knowledge of three orthogonal 2D projections. Costly 3D reconstruction is not required, which makes this approach better suited for large scale, high-throughput quality control, and phenotyping. A challenging extension of this work is to consider a generalization to non-convex objects, with arbitrary orientation.
